Analysis of high frequency geostationary ocean colour data using DINEOF by Alvera Azcarate, Aïda et al.
lable at ScienceDirect
Estuarine, Coastal and Shelf Science 159 (2015) 28e36Contents lists avaiEstuarine, Coastal and Shelf Science
journal homepage: www.elsevier .com/locate/ecssAnalysis of high frequency geostationary ocean colour data using
DINEOF
Aida Alvera-Azcarate a, *, Quinten Vanhellemont b, Kevin Ruddick b, Alexander Barth a, c,
Jean-Marie Beckers a
a AGO-GHER-MARE, University of Liege, Allee du Six Aout, 17, Sart Tilman, Liege, 4000, Belgium
b Royal Belgian Institute of Natural Sciences (RBINS), Direction Natural Environment, 100 Gulledelle, 1200, Brussels, Belgium
c F.R.S.-FNRS (National Fund for Scientific Research), Brussels, Belgiuma r t i c l e i n f o
Article history:
Received 22 December 2014
Accepted 16 March 2015




reconstruction of missing data
outlier detection
DINEOF
southern North Sea* Corresponding author.
E-mail address: a.alvera@ulg.ac.be (A. Alvera-Azca
http://dx.doi.org/10.1016/j.ecss.2015.03.026
0272-7714/© 2015 Elsevier Ltd. All rights reserved.a b s t r a c t
DINEOF (Data Interpolating Empirical Orthogonal Functions), a technique to reconstruct missing data, is
applied to turbidity data obtained through the Spinning Enhanced Visible and Infrared Imager (SEVIRI)
on board Meteosat Second Generation 2. The aim of this work is to assess if the tidal variability of the
southern North Sea in 2008 can be accurately reproduced in the reconstructed dataset. Such high fre-
quency data have not previously been analysed with DINEOF and present new challenges, like a strong
tidal signal and long night-time gaps. An outlier detection approach that exploits the high temporal
resolution (15 min) of the SEVIRI dataset is developed. After removal of outliers, the turbidity dataset is
reconstructed with DINEOF. In situ Smartbuoy data are used to assess the accuracy of the reconstruction.
Then, a series of tidal cycles are examined at various positions over the southern North Sea. These ex-
amples demonstrate the capability of DINEOF to reproduce tidal variability in the reconstructed dataset,
and show the high temporal and spatial variability of turbidity in the southern North Sea. An analysis of
the main harmonic constituents (annual cycle, daily cycle, M2 and S2 tidal components) is performed, to
assess the contribution of each of these modes to the total variability of turbidity. The variability not
explained by the harmonic fit, due to the natural processes and satellite processing errors as noise, is also
assessed.
© 2015 Elsevier Ltd. All rights reserved.1. Introduction
New ocean colour geostationary data products are presently
being developed fromvarious sensors, like the Geostationary Ocean
Color Imager (GOCI) for the Korea, China and Japan sea regions (Ryu
et al., 2012). The meteorological Spinning Enhanced Visible and
Infrared Imager (SEVIRI) has been used to provide ocean colour
data for the European Seas (Neukermans et al., 2009, 2012; Ruddick
et al., 2014; Vanhellemont et al., 2014). Geostationary colour data
achieve a very high temporal resolution (hourly or better), allowing
for the resolution of tidal cycles and other processes at sub-diurnal
frequencies. One of the challenges these datasets pose for the study
of sub-diurnal frequencies is that data are only recorded during
daylight, and therefore large gaps without any data occur every
night. These gaps are especially long during winter months. As arate).consequence, the temporal step of the geostationary colour data is
highly irregular.
Additional challenges are that SEVIRI data are severely affected
by noise (compounded by digitization uncertainties in SEVIRI, see
Neukermans et al., 2012), and clouds continue to obscure large
parts of the field of view at any time, resulting in missing data.
Missing data in the SEVIRI dataset can be defined as daytime data
which have been acquired by the sensor but rejected during quality
checks because of clouds, noise or other problems. Daily compos-
ites can provide almost cloud-free conditions in the case of scat-
tered clouds moving through, but of course the sub-diurnal
variability is then lost. Data analysis techniques aimed at inferring
data at missing locations can be applied to geostationary data, to
avoid averaging or compositing approaches. DINEOF (Beckers and
Rixen, 2003; Alvera-Azcarate et al., 2005) is an EOF-based tech-
nique developed to reconstruct missing data in geophysical data-
sets. It exploits the spatio-temporal coherency of the data to infer a
value at the missing locations, and has been successfully applied to
polar-orbiting data for sea surface temperature [e.g. Alvera-
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He, 2014], chlorophyll-a [e.g. Mauri et al., 2007; Volpe et al., 2012],
chlorophyll-a andwinds [e.g. Alvera-Azcarate et al., 2007], and total
suspended matter [e.g. Nechad et al., 2011; Sirjacobs et al., 2011].
Neither DINEOF nor comparable methods have yet been applied
to high-frequency ocean colour data. This paper constitutes
therefore the first attempt at reconstructing marine reflectance
data in the southern North Sea at high temporal resolution derived
from SEVIRI. The main objectives of this work are: (a) to assess if
DINEOF can accurately reconstruct these high temporal resolution
data, and (b) to study the tidal cycle variability in the turbidity of
the southern North Sea using the reconstructed dataset. Studies
focusing on the variability of turbidity or suspended particulate
matter (SPM) typically use either in situ data, which provide very
limited spatial information because of the reduced number of in
situ stations, or polar-orbiting satellite data, which only provide 1
or 2 passes per day over a given zone, strongly limiting the tem-
poral resolution of this latter dataset. A combination of in situ and
satellite data is also often used. Examples of such applications in the
southern North Sea include Fettweis et al. (2007), den Eynde et al.
(2007) and Eleveld et al. (2008). These studies agree in that the
temporal time step of polar-orbiting data, and the lack of data due
to the presence of clouds are the main limitations for the study of
SPM dynamics at the sub-day frequencies. Moreover, Eleveld et al.
(2014) showed that sun synchronous polar orbiters are biased for
solar tides, for example for MERIS in the Westerschelde always
sampling spring tides at low water and neap tides at high water. As
such, a cloud-free dataset from a geostationary sensor can be of
high value to further understand the variability of turbidity at very
high temporal frequencies. However, the high frequency dataset
provided by a geostationary sensor presents new methodological
challenges because of the strong tidal signal interspersed with long
night-time gaps, two aspects that have not previously been con-
fronted by DINEOF and that are addressed in this work.
This work is organised as follows: Section 2 presents the study
area, the satellite data and the in situ data used, Section 3 describes
the methodology to reconstruct missing data, DINEOF and the
approach used to detect outliers in the geostationary dataset, Sec-
tion 4 presents the results (validation, analysis of tidal cycle at
various locations and analysis of the main harmonic constituents).
Section 5 presents the conclusions.
2. Study zone and data used
2.1. The southern North Sea
The southern North Sea (see domain and bathymetry in Fig. 1) is
very shallow, with depths of up to 50m and less than 10m near the
coast of Belgium and The Netherlands and at the Thames estuary in
the United Kingdom. The region is influenced by semidiurnal tides,
and three large river discharges: the Thames, the Scheldt, and the
Rhine-Meuse. High SPM values are found, especially along the
coasts and at the river mouths.
2.2. Satellite data
Marine reflectance data derived from two bands (one at 635 nm
and one at 810 nm) from the Spinning Enhanced Visible and
Infrared Imager (SEVIRI) on board Meteosat Second Generation 2
(MSG2) have been used in this study. These data have a spatial
resolution of 4 8 km at 52 N and a temporal resolution of 15 min.
Details on the processing of these data can be found in Neukermans
et al. (2009, 2012) and Vanhellemont et al. (2014). The period of
study spans from 1 January to 31 December 2008. The 2008 annual
average and the temporal and spatial percentage of missing dataare presented in Fig. 1. The total percentage of missing data is 67%.
The English Channel and the coastal zones present a higher per-
centage of missing data, and the smallest amounts of missing data
are found along the South East coast of England. The temporal
variability of missing data is very high, with days with very few
missing data (less than 20%) and periods of more than 90% of
missing data. Before carrying out the DINEOF analysis to recon-
struct the missing data and reduce the level of noise in the data,
pixels absent more than 95% of the timewere removed, and images
with less than 2% of valid pixels were also removed. From the
10,296 images for 2008, a total of 7509 were retained after these
tests.
2.3. In situ data
For the validation of the dataset produced in this work, time
series of optical backscatter in formazine turbidity units (FTU)
collected by Cefas (Mills et al., 2003; Greenwood et al., 2010) were
used. Measurements are taken every 30 min at a depth of less than
2 m at two stations: Warp Anchorage andWest Gabbard, which are
located in turbid and shallow waters (15 m and 25 m respectively,
see their location in Fig. 1). Marine reflectance data from the SEVIRI
band with central wavelength at 635 nm (rw) was transformed to
turbidity (Formazin Nephelometric Units, FNU) to compare them to






This equation was calibrated for SEVIRI using 68 turbidity
samples. For more details and an extensive validation with in situ
data (see Neukermans et al., 2012).
3. Methods
3.1. DINEOF analysis
DINEOF (Data Interpolating Empirical Orthogonal Functions,
Beckers and Rixen, 2003; Alvera-Azcarate et al., 2005) is an EOF-
based technique to reconstruct missing data in geophysical data-
sets. It exploits the spatio-temporal coherency of the data to infer a
solution at the missing locations. DINEOF works as follows: initially
the missing data are flagged, an average value is removed from the
initial data and the missing data are given a value of zero (i.e. the
mean of the initial dataset). A first EOF decomposition is performed
with the first EOF only. This EOF is recalculated iteratively until a
convergence criteria is reached, and this EOF basis is used to pro-
vide an improved estimate of the missing data, which then replaces
the initial guess. The same procedure is repeated with 2, 3, … N
EOFs. At each step, a cross-validation error is calculated, and the
final set of EOFs retained as optimal is the one minimising this
cross-validation error. Therefore, not all EOF modes are used in the
reconstruction, which allows for the reduction of noise in the final
dataset as noise is typically retained at high order EOFs. Small-scale
and transient features might be present as well in those high-order
EOFs, and can be removed from the final dataset as a result. More
details about the technique can be found in Beckers and Rixen
(2003) and Alvera-Azcarate et al. (2005). DINEOF has been widely
applied to different domains and variables, both in univariate and
multivariate approaches [e.g. Alvera-Azcarate et al., 2007; Miles
et al., 2009; Ganzedo et al., 2011; Nechad et al., 2011; Sirjacobs
et al., 2011] but not yet to high frequency geostationary colour data.
A filter of the temporal covariance matrix was implemented
(Alvera-Azcarate et al., 2009) in order to improve the
Fig. 1. Top row, left panel: average SEVIRI turbidity data (in natural logarithmic scale) over the southern North Sea for 2008. In situ data locations are shown: West Gabbard (square)
and Warp Anchorage (diamond). Location of the W05 (circle) and W07 (asterisk) stations is also shown. Top row, middle panel: temporal average of the percentage of missing data
in the original SEVIRI dataset. Top row, right panel: bathymetry (in m) extracted from GEBCO. Bottom row: time series showing the spatial average of the percentage of missing data
of each image in the original SEVIRI dataset.
Fig. 2. Example of difference between two turbidity snapshots (15 min difference) on
18 October 2008. Units are ln(FNU). White areas are clouds in at least one of the two
images used.
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filter applied to the temporal covariance matrix before the EOF
basis is calculated in DINEOF. As a result, the temporal gap between
two consecutive images is taken into account and the temporal
sequence of the reconstructed images is improved. The use of this
filter was necessary to cope with the large night gaps without data
(up to 16 h without data in winter) after the high-frequency
daylight imagery. The length of the day varies also with the time
of the year, so night-time gaps also vary in length. The irregular
time step nature of the geostationary colour imagery is therefore
accounted for when using the temporal covariance matrix filter.
Parameters used for this filter were a ¼ 5e5 day and 150 iterations
(see Alvera-Azcarate et al. (2009) for details), which resulted in a
0.54 day filter length.
3.2. Outlier detection using temporal coherence
An approach to detect outliers using temporal coherence has
been implemented. This method exploits the high temporal reso-
lution of the SEVIRI dataset (15 min) and can be applied in addition
to the spatial outlier detection method of Alvera-Azcarate et al.
(2012), which exploits the spatial coherence of the data. There
are cases when the pixel-by-pixel difference between two
consecutive images reveals large differences in turbidity that are
not realistic. In the example given in Fig. 2 maximum differences of
up to 14 FNU are observed (note that a logarithmic transformation
of the data has been used to improve the readability of the figure).
In this example those differences are clearly associated with un-
detected cloud edge effects.
The outlier detection is implemented as follows. A first test, Odiff,
is based on the difference between a pixel at a given time and the
same pixel from two and one scenes before and after the central












with w1¼0.044 and w2¼ 0.46. Pixels presenting a value of
Testdiff> 0.3 FNU are set to one and the rest of pixels are set to zero.This threshold has been chosen based on the average maximum




1; if Testdiff >0:3
0; otherwise
(3)
Two additional tests are performed. The first is a proximity test
(as in Alvera-Azcarate et al., 2009) to penalise pixels in the vicinity
of clouds and the coastline, as these locations are more prone to the
presence of outliers due to land contamination, erroneous cloud
flagging and the presence of cloud shadow and/or sub-pixel clouds.
These pixels are penalised as potential outliers, so that Oprox¼ 1 for
those pixels and Oprox¼ 0 for the rest. Finally, a concentration test is
applied, in which pixels lying in low-concentration areas are more
penalised. The noise in the SEVIRI data contaminates severely the
low concentration data giving an effective detection limit on
A. Alvera-Azcarate et al. / Estuarine, Coastal and Shelf Science 159 (2015) 28e36 31turbidity. The threshold is fixed to 2.6 FNU and calculated over a
temporal average of the field for each season (January to March,
April to June, July to September and October to December). Values
assigned are therefore Oconc¼ 1 for pixels with reflectance less than
0.011 and Oconc¼ 0 for pixels with higher rw values.
The final outlier field is calculated by a weighted sum of the
three tests:
Ofinal ¼ Odiff*0:6þ Oprox*0:2þ Oconc*0:2 (4)
These weights have been chosen to give more importance to the
temporal coherence test, although these can be changed to fit the
characteristics of the dataset. Pixels with Ofinal larger than 0.3 are
classified as outliers and removed from the dataset. This threshold is
chosen so that most suspect pixels are classified as outliers without
penalising good quality pixels. The value chosen for the threshold
can be adjusted to each dataset depending on the final quality
desired by the user. An example of outlier detection can be seen in
Fig. 3. Outliers in the marine reflectance dataset used in this work
have beendetected and removedprior to theDINEOFanalysis. UsingFig. 3. Outlier detection tests. Top row: Original data on 7 August 2008 at 12:15 (left) and
(right), where good data are shown in blue and suspect data in red. Bottom row: temporal c
weighted sum results (right, in red). (For interpretation of the references to colour in this fithe parameters specified above, an average of 17 pixels per image
were detected as outliers (0.6% of the total pixels in each image).
4. Results: analysis of turbidity in the southern North Sea
4.1. DINEOF reconstruction
Given its large size, the full dataset (7509 images) was divided
into 4 shorter datasets covering the periods from January to March,
April to June, July to September and October to December, respec-
tively. DINEOF was run independently on each of these datasets.
This allowed as well to take into account the spatial variability of
the reflectance data throughout the year. The number of EOFs
retained for each of those datasets, as determined by cross-
validation, is shown in Table 1, as well as the total variance
explained by these EOFs and the percentage of missing data in the
original datasets. The number of retained EOFs varies considerably
among datasets, although the final reconstructions explain more
than 93% of the variability. The amount of missing data of the
original datasets is also similar in all cases (from 61.7% to 69.87%),data without outliers (right). Middle row: concentration test (left) and proximity test
oherence test before applying the threshold of 0.3 (left) and outliers detected with the
gure legend, the reader is referred to the web version of this article.)
Table 1
Number of EOFs retained for each period reconstructed with DINEOF, total variance
explained by each of these sets of EOFs, and percentage of missing data in the initial
datasets.
EOFs retained Variance explained Missing data
JanuaryeMarch 44 95.62% 64.80%
AprileJune 22 93.67% 61.70%
JulyeSeptember 20 93.00% 66.59%
OctobereDecember 49 94.46% 69.87%
A. Alvera-Azcarate et al. / Estuarine, Coastal and Shelf Science 159 (2015) 28e3632therefore the differences in number of retained EOFs cannot be
explained by these factors. A reason that might explain that winter
and fall months need more EOFs is that night gaps are longer in
those periods, which can increase the difficulty in the
reconstructions.
An example of the reconstructed DINEOF data along with the
original SEVIRI data is shown in Fig. 4 for 1 September at 16:30 h.
The spatio-temporal information contained in each seasonal
dataset is used by DINEOF to fill in missing information, as the
spatial extension of the turbid waters at the eastern coast of the
United Kingdom.Fig. 4. Example of the reconstructed DINEOF data. Top panel: Original SEVIRI data on 1
September at 16:30 UTC. Bottom panel: reconstruction using DINEOF. Units are natural
logarithm of turbidity (FNU).4.2. Comparison with in situ data
The original SEVIRI data and the reconstruction obtained by
DINEOF were compared to in situ data from the West Gabbard and
Warp Anchorage sites (positions shown in Fig. 1). Time series show
that in situ data present higher variability during fall and winter,
especially in the Warp Anchorage site (Figs. 5 and 6). The original
SEVIRI data and the DINEOF reconstruction both exhibit the annual
cycle observed for the in situ data, but with a much smaller
amplitude in the case of Warp Anchorage, where high turbidity
events are not captured by the satellite data at this location. The
standard deviation and correlation for each of these time series is
found in Table 2. DINEOF data present a standard deviation in better
agreement with the observations, although the correlation is
higher for the original SEVIRI data. Given the high amount of
missing data, it is expected that the correlation of the reconstruc-
tion is lower than the original, as there is a large amount of infor-
mation to be reconstructed. The challenge for methods like DINEOF,
which add value to the original dataset by reconstructing missing
data, is thus to avoid a too large degradation of the correlation from
the original dataset when large amounts of data are missing.
4.3. Analysis of the tidal cycle in the reconstructed data
One of the aims of this work is to assess if the DINEOF dataset is
able to reproduce the tidal variability observed in the southern
North Sea. A time series from 8 to 20 February 2008 at the West
Gabbard position is shown in Fig. 7. These dates were chosen
because a clear tidal cycle can be observed in the in situ data. The
original SEVIRI data and the reconstructed data agree well with the
in situ turbidity variations. Note that there are no original SEVIRI
data on 14 February 2008, so this date was not reconstructed by
DINEOF, as images with less than 2% of valid data are removed
before the analysis. On 19 February 2008 no original data are pre-
sent in the southern North Sea domain at the West Gabbard loca-
tion or near it during the whole day (Fig. 8), however the
reconstruction follows the observations of the daily cycle in both
magnitude and amplitude. This example provides a proof of the
capability of the DINEOF-reconstructed data to reproduce tidal
variability, even when large changes over time are observed: the
amplitude of the signal (maximum minus minimum observed) on
15 February 2008 is of 2 FNU, and this magnitude increases steadily
until the 19 February 2008, when the amplitude is of 12 FNU. This is
correctly reflected in the reconstructed SEVIRI data.
A second time series is examined, this time at stations W05 and
W07, located near the Belgian coast (see Fig. 1), where no in situ
data exist to compare with. The original data (Figs. 9 and 10) pre-
sent a series of cycles of changing intensity, and these are captured
by the reconstructed data. In moments when no original data are
present the reconstructed data offer an estimate of the day-to-day
variability of turbidity, even when large changes in turbidity are
observed: the reconstructed data on 22 June (W05, Fig. 9) and on 6
February (W07, Fig. 10) show the influence of tides on turbidity on
such situations.
4.4. Analysis of main harmonic constituents in the southern North
Sea
A least-squares fit of the reconstructed dataset has been applied
to fit the reconstructed SEVIRI data to themost important harmonic
constituents in the southern North Sea. The fit is applied to the time
series at each pixel of the studied zone. Themajor tidal components
in the North Sea, M2 and S2, together with the annual and daily
cycles have been used for the fit. As seen in Fig. 11, the annual cycle
represents the most important signal, with of course the area
Fig. 5. Time series showing the Warp Anchorage in situ dataset, together with the original SEVIRI data and the DINEOF reconstruction.
Fig. 6. Time series showing the West Gabbard in situ dataset, together with the original SEVIRI data and the DINEOF reconstruction.
Table 2
Statistics of the in situ and satellite data (SEVIRI original data and DINEOF recon-
struction) interpolated at the Warp Anchorage and West Gabbard in situ positions.
# of data Std. dev. (FNU) Mean (FNU) Correlation
Warp WestG Warp WestG Warp WestG Warp WestG
In situ data 16.12 6.40 18.69 5.97 e e
SEVIRI data 787 1229 7.60 4.20 13.43 4.05 0.89 0.76
DINEOF 3602 4103 10.60 7.80 10.20 4.01 0.74 0.60
Fig. 7. Time series from 8 to 13 February 2008 (top panel) and from 15 to 19 February 2008 (
Note that the vertical axes are different to optimize the readability of each panel.
A. Alvera-Azcarate et al. / Estuarine, Coastal and Shelf Science 159 (2015) 28e36 33offshore of the Thames river and the Belgian and Dutch coasts
presenting the largest amplitudes, as these are the zones where the
highest concentrations occur in the domain. Variability at the M2
frequency and the daily cycle is the next most important signal.
Regarding the daily cycle, note that tidal component O1 has not
been used, as it cannot be separated from the daily cycle due to the
length of the time series used. Therefore part of the daily cycle
might be due to the O1 component, although prior studies of seabottom panel) showing a series of tidal cycles at the location of the West Gabbard buoy.
Fig. 8. Example of cloudiness on 19 February 2008 in the original SEVIRI turbidity data
(top panel, in FNU) and DINEOF reconstruction (bottom panel, in FNU). The amount of
cloudiness stayed constant during the whole day. The black square shows again the
position of the West Gabbard buoy. Data are represented in logarithmic scale.
A. Alvera-Azcarate et al. / Estuarine, Coastal and Shelf Science 159 (2015) 28e3634surface elevation have shown that O1 is small in the North Sea (e.g.
Prandle, 1980).
Fig. 12 shows the percentage of variability of the reconstructed
dataset not explained by the harmonic constituents of Fig. 11. Fac-
tors that might contribute to this unexplained variability include
the natural processes of wind, waves and river discharge (mainly at
the Thames estuary, the Scheldt and the Rhine-Meuse deltas), but
also satellite processing errors as noise. About 40% of the turbidityFig. 9. Time series in June 2008 showing a svariability in the region offshore of the Thameswas not found in the
annual, daily, M2 and S2 cycles. For the Belgian and Dutch coast this
percentage increases to about 60%. This latter region is charac-
terised by very shallow waters (see Fig. 1) and the Scheldt and the
Rhine-Meuse river outflow, which might contribute to the increase
in unexplained variability. Note that open seawaters have up to 90%
of variability that is not explained by the harmonic constituents
used. This is because the turbidity there is close to the detection
limit of the SEVIRI data and hence any natural variability would be
hidden by the noise.5. Conclusions
Turbidity data measured by the Spinning Enhanced Visible and
Infrared Imager (SEVIRI) on board Meteosat Second Generation 2
(MSG2) have been reconstructed with DINEOF to obtain a gap-free
and reduced-noise dataset over the southern North Sea. It is the
first time that DINEOF has been applied to a very high temporal
resolution dataset (with a time step of 15 min) that is highly
influenced by tidal dynamics, winds and river discharge. The
reconstructed data have shown the ability of DINEOF to provide an
accurate description of the tidal cycle even at moments when no
original data exist because of the high cloudiness over the domain.
Several time series at different locations demonstrate the highly
variable nature of the turbidity in the southern North Sea, with an
example showing a six-fold increase in turbidity over the course of
4 days. The time series illustrated in this work show that this
variability is well reconstructed by DINEOF. The ability to accurately
reconstruct sub-day frequencies in highly dynamic environments
like the southern North Sea provides an added value to the devel-
opment of geostationary ocean colour products.
In order to take advantage of the high temporal resolution of the
SEVIRI turbidity data, an outlier technique that exploits this high
temporal resolution has been developed. It combines a temporal
coherence test (large temporal changes are penalised) with a
proximity test (proximity to clouds or land is penalised) and a
concentration test (low turbidity concentration areas are penal-
ised). This combination of temporal and spatial criteria has been
shown to successfully detect outliers in the data.
The methodology for these outlier tests is generic and can be
applied to other datasets (geostationary or polar-orbiting data, but
also different regional zones and variables), although the various
weighting factors will need to be adjusted to account for region-
specific dynamics and the quality of the input dataset (noise and
detection limit, cloud-edges, mixed pixels and straylight flagging).
For example, the thresholds chosen in this work correspond to
limitations in the input dataset as regards cloud flagging (Odiff),
straylight/adjacency/mixed pixels (OProx) and sensor noise
(Oconc). Outlier detection becomes particularly critical for large
scale automated processing of ’level 30 multitemporal compositeseries of tidal cycles at the W05 location.
Fig. 10. Time series from 1 to 13 February 2008 showing a series of tidal cycles at the W07 location.
Fig. 11. Amplitude of the main harmonic constituents for variability of turbidity on the southern North Sea.
Fig. 12. Top panel: percentage of variability not explained by the main harmonic
components of Fig. 11.
A. Alvera-Azcarate et al. / Estuarine, Coastal and Shelf Science 159 (2015) 28e36 35(IOCCG, 2007), such as temporal means used by modellers. Such
composites may otherwise be contaminated by processing in-
adequacies that are sufficiently subtle as to pass unnoticed by the
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